ABSTRACT In this paper, wireless video transmissions are studied under total bandwidth and energy efficiency (EE) constraints. In order to provide the desired performance levels to the end-users in real-time video transmissions, quality of service requirements such as statistical delay constraints are also considered. Effective capacity is used as the throughput metric in the presence of such statistical delay constraints since deterministic delay bounds are difficult to guarantee due to the time-varying nature of wireless fading channels. A multiuser setup where different users have different delay guarantees is addressed. Following characterizations from the rate-distortion theory, a logarithmic model of the quality-rate relation is used for predicting the quality of the reconstructed video in terms of the peak signal-to-noise ratio at the receiver side. The optimal bandwidth allocation and the optimal power allocation/power control policies that maximize the sum video quality subject to total bandwidth and minimum EE constraints are derived. Five different resource allocation strategies are investigated, and simulation results show that the joint optimization of the bandwidth allocation and power control provides the best performance. The tradeoff between EE and video quality is also demonstrated since higher EE results in lower quality of received video sequence.
I. INTRODUCTION A. MOTIVATION
Over recent years, data networks have witnessed a rapid demand in the usage of multimedia applications. For instance, video telephony, teleconferencing, and video streaming have started becoming predominant in data transmission over wireless networks. Indeed, as reported in [1] , mobile video traffic accounted for 60% of the total mobile data traffic in 2016, and more than three-fourths of the global mobile data traffic is expected to be video traffic by 2021. Emergence of these applications has led to increased demand for delay quality of service (QoS) guarantees with the goal of satisfying the performance requirements of the end-users, and this, in general, has to be accomplished with only limited wireless resources. For instance, in real-time video transmissions, bounds on delay are imposed in order to ensure a satisfactory user experience. The strictness of the delay constraints varies based on the specific wireless multimedia application. Specifically, live video streaming may tolerate some delay whereas bidirectional video conferencing requires much more stringent delay constraints on the order of few milliseconds. Moreover, virtual and augmented reality applications may have delay requirements on the order of 1ms. Supporting such QoS requirements with stringent delay limitations requires larger transmission rates that can be achieved by using more resources such as bandwidth and power. However, in wireless applications, bandwidth and power resources are generally scarce. Therefore, it is highly critical and essential to allocate the limited resources efficiently taking into account the QoS requirements of different users in the wireless network.
B. RELATED WORK
Regarding the above-mentioned considerations, Khalek et al. [2] proposed a strategy to maximize the sum quality of the received reconstructed videos subject to different delay constraints at different users and a total bandwidth constraint in a multiuser setup by allocating the optimal amount of bandwidth to each user. They also derived user admission and scheduling policies that enable selecting a maximal user subset such that all selected users can meet their statistical delay requirements. In [3] , a joint power and subcarrier assignment polity under delay aware QoS requirement was proposed to improve power efficiency in vehicle-toroadside infrastructure communication networks in terms of minimizing power consumption. A cross-layer transmission scheme for video streaming over the interference-infected ad hoc networks was presented and investigated in [4] to maximize the average video quality of the whole network. The video quality was determined by considering the distortion introduced by lossy video compression and packet loss.
Problem of resource allocation was discussed in many previous studies. For instance, [5] built a video rate distortion model using a distortion metric called structural similarity index to investigate the resource allocation and optimization issues for multimedia transmission over downlink orthogonal frequency division multiple access (OFDMA) wireless networks. A cross-layer problem was formulated with the goal of achieving equal structural similarity in multiresolution video sequences among users under a set of rate constraints. Wu et al. [6] developed an application-layer transmission scheme to effectively deliver mobile high-frame rate (HFR) video over multiple wireless access networks under delay and total bandwidth constraints. First, an unequal frame scheduling approach was proposed to minimize the total distortion. Second, an error resilience scheme was introduced at the receiver side to balance the out-of-order and overdue video packets to diminish the error propagations. The proposed scheme reduced the probability of frame loss and frame drops. Talebi et al. [7] addressed a utilityproportional optimization for multimedia applications that rely on scalable video coding (SVC)-encoded video signals. A smooth approximation of the utility function was used to come up with a convex formulation, and a dual-based distributed algorithm was proposed for rate allocation and bandwidth sharing under the link capacity constraints in the system. In [8] , Zhang et al. considered power allocation at the physical layer and the buffer delay at the upper application layer in energy-harvesting green networks. The problem is to minimize the mean buffer delay under battery and buffer constraints.
The multimedia transmission problem was also studied considering different types of wireless networks. In [9] , a learning-based and quality of experience (QoE)-driven spectrum handoff scheme was proposed with the goal of maximizing the multimedia users' satisfaction in cognitive radio networks. A mixed preemptive and non-preemptive resume priority MG1 queueing model was built for modeling the spectrum usage behavior for prioritized multimedia applications. Reinforcement learning was employed to maximize the quality of video transmission in the long term. A QoE-aware power allocation for device-to-device (D2D) video transmission was proposed in [10] with the goal of maximizing the video quality while minimizing the data rate variations over time-varying wireless channels. A dual decomposition technique was used to solve the optimization problem subject to the minimum rate requirement, maximum transmit power level and maximum allowable interference level constraints. Wang et al. [11] considered the adaptive subcarrier assignment and fair power control strategy that minimize a cost function of average relay powers for multiuser wireless OFDM networks.
Energy efficiency (EE), measured by the data rate normalized by the transmission power or equivalently the number of communicated bits per unit energy, is also considered as a key factor in multimedia transmission over wireless systems. However, improving EE may result in a decrease in the throughput, which in return leads to a degradation in the quality of the reconstructed video at the receiver. Motivated by these considerations, Musavian and Ni [12] addressed delayQoS-driven spectrum and energy efficiency optimization in which effective capacity (EC) is maximized under transmission power and minimum energy efficiency constraints. In [13] , an energy-video aware multipath transport (EVIS) protocol was proposed to enable energy-efficient and qualityguaranteed live video streaming over heterogeneous wireless networks. Wu et al. [14] also proposed an energy-distortion aware multipath TCP scheme. To address energy-efficient bandwidth aggregation with regard to the stringent delay and quality constraints imposed in wireless video transmission, [15] presented an energy quality aware bandwidth aggregation scheme.
C. CONTRIBUTIONS AND PAPER ORGANIZATION
However, the aforementioned works have not simultaneously addressed statistical delay QoS requirements, bandwidth limitations and EE constraints while also considering the quality of wireless multimedia transmissions. In this paper, we employ a holistic approach in a broadcast scenario and study the problem of maximizing the sum quality of reconstructed videos at the receivers subject to total bandwidth, EE and delay QoS constraints by 1) allocating the bandwidth and determining the optimal power level for each user when statistical channel side information (CSI) is available, and 2) allocating the bandwidth and adapting the instantaneous power for each user when the transmitter has instantaneous CSI.
The remainder of this paper is organized as follows: The system model is presented in Section II. Statistical QoS guarantees, effective capacity as a throughput metric, and quality-rate model are described in Section III. Optimization problems are formulated and the optimal policies are derived in Section IV. Numerical results are presented and discussed in Section V. Finally, we conclude the paper in Section VI. Proofs are relegated to the Appendix. Fig. 1 depicts the block diagram of the proposed system. A downlink from a base station (or an access point) where K users orthogonally share a bandwidth of B Hz is considered in this paper. Specifically, a bandwidth of B k Hz is allocated VOLUME 6, 2018 FIGURE 1. Proposed system block diagram for quality-driven resource allocation and rate adaptation of delay and energy efficiency constrained video streams.
II. SYSTEM MODEL
to transmission to user k under the constraint that the total bandwidth is B, i.e., Fig. 1. 1 Each traffic flow has its distinct delay QoS requirement and energy efficiency constraint. The base station takes into account these requirements and constraints as well as multimedia quality models (derived via rate-distortion characteristics) and CSI, and allocates the bandwidth and power resources efficiently.
The timescale of video rate adaptation is much larger than the coherence time of the channel, denoted by T c , in practice for video transmission since video source rate is adapted at the group of pictures (GOP) time scale which is measured in seconds. Hence, the case in which the channel state changes faster than the source rate is considered in our system since if the fading channel state varies at the same timescale as the source rate, statistical delay guarantees become less interesting [2] .
The fading power in the link between the base station and user k is denoted by γ k . We address the cases of perfect CSI and statistical CSI. When only statistical CSI is available at the base station (i.e., base station only knows the statistics of channel fading), we consider bandwidth and power allocation to maximize the sum video quality. If, on the other hand, the base station perfectly knows the realizations of the fading coefficients, we study bandwidth allocation and power control in which case power is varied 1 These buffers can be physical or virtual buffers. In the case of virtual buffers (when, for instance, the base station has a single physical buffer), the base station needs to keep track of where each data intended for different users is located, and extract out the required data from its location in the buffer when transmission to a given user is initiated. Hence, while the virtual buffers are operating in first-in first-out mode, the physical buffer does not necessarily operate in such a mode.
as a function of the channel fading (or equivalently channel conditions).
III. PRELIMINARIES A. DELAY QoS CONSTRAINTS AND EFFECTIVE CAPACITY
In wireless video transmissions, queue length in the buffer is subject to limitations to control the queueing delay. In particular, we assume that the overflow probability in the buffer storing the data to be transmitted to user k needs to decay exponentially for large buffer threshold, i.e.,
where l k and l th k are the queue length and threshold, respectively, in the buffer for user k. Additionally, θ k , referred to as the QoS exponent of user k's traffic, determines the decay rate of the buffer overflow probability, and characterizes how strict the queueing/delay constraints are. Larger θ k leads to more stringent QoS requirements while smaller θ k represents looser QoS requirements. In this given setting, the delay violation probability is also characterized to decay exponentially and is approximated by [16] 
where D k is the queueing delay in the buffer at steady state, d k is the delay threshold, and A k is the effective bandwidth of the arrival process. Effective capacity (EC), denoted by C k (θ k ), characterizes the maximum constant arrival rate which can be supported by the service process in the presence of the statistical buffer overflow constraint in (1) specified by the QoS exponent θ k . Effective bandwidth, A k (θ k ), provides the minimum constant service rate needed to guarantee that the overflow probability decays with rate specified by θ k for the given arrival process {A k }.
For independent and identically distributed fading in each coherence block of duration of T c , the EC can be expressed as [16] 
where N 0 is the noise power spectral density, B k is the bandwidth allocated to transmission to user k, P * k denotes either the constant power when only power allocation is considered, or the instantaneous power P k (γ k ) when power control is employed. Above, γ k denotes the fading power (i.e., the magnitude-square of the fading coefficient) in the link between the transmitter and user k.
The EC should be equal to the effective bandwidth for the given QoS exponent θ k for the k th user [17] . For constant arrival rate R k , effective bandwidth of the arrival process is A k (θ k ) = R k . Now, the maximum constant arrival rate can be expressed as
B. VIDEO QUALITY-RATE MODEL
Lossy data compression, which focuses on the tradeoff between the distortion and bit rate, is used in video coding algorithms, where a decreased rate leads to increased distortion and vice-versa. Rate-distortion (R-D) theory addresses the problem of determining the minimal bit rate of the data transmission over a channel so that the distortion of the reconstructed data at the receiver does not exceed a given distortion value. Thus, the R-D function can estimate the bit rate at given distortion, or estimate the distortion at a given bit rate. Moreover, operational R-D (ORD) theory is applied to lossy data compression with finite number of possible R-D pairs, and the ORD function shows that the bit rate is a convex function of distortion. In [18] , the quality of video is measured in terms of the reversed difference mean opinion score (RDMOS), and a rate-quality model to predict q u (t) using the video data rate r u (t) is employed as follows:
where model parameters α u (t) and β u (t) can be determined by minimizing the prediction error. Also several R-D models are proposed in [19] , in which the quality is measured in terms of the peak signal-to-noise ratio (PSNR). The exponential model for the rate-PSNR curve is used in our paper. Thus, the PSNRrate curve is described by a logarithmic model and can be expressed as follows:
where R k and Q k are the source rate and PSNR of the k th user, respectively, and a k and b k are the parameters that can be determined by minimizing the prediction error. As discussed in the previous subsection, the maximum video source rate under buffer/delay constraints is given by the effective capacity, i.e., R k = C k , in order to achieve the maximum video quality. Hence, this rate is the maximum arrival rate of the encoded/compressed video data. For instance, if a higher effective capacity can be supported, then the video arrival rate is higher, which further implies that the video is not highly compressed and its quality is better. Table 1 below provides the list of symbols and parameters used in the paper.
IV. SUM-QUALITY MAXIMIZING POLICIES
In this section, optimization problems are formulated in order to maximize the sum video quality subject to energy efficiency constraints per user and a total bandwidth constraint. More specifically, we consider two types of optimizations. In the first one, we address the optimal allocation of bandwidth and power. Here, it is assumed that only statistical CSI is available at the transmitter and the allocated power remains fixed throughout the transmission. In the second optimization problem, it is assumed that the transmitter has instantaneous CSI and performs both bandwidth allocation and power control. Hence, power varies over time depending on the fading.
A. BANDWIDTH AND POWER ALLOCATION WITH STATISTICAL CSI
In the case of bandwidth and power allocation, the optimization problem can be expressed as follows:
Above, B = (B 1 , B 2 , . . . , B K ) and P = (P 1 , P 2 , . . . , P K ) are the vectors of bandwidth allocation and power allocation, respectively. Additionally, the constraint in (7c) is the energy VOLUME 6, 2018 efficiency (EE) constraint. 2 Note that this constraint imposes a lower bound η k on the EE metric which is defined as the effective capacity (or equivalently throughput) normalized by the total power consumption. Hence EE is measured by the throughput per unit power. In the power consumption formula, P c denotes the circuit power and is the power amplifier efficiency factor. Note that the constraint in (7c) can be rewritten as
Notice that the left-hand side of (8) is the effective capacity and hence is equal to R k , and the right-hand side is evidently a linear increasing function of P k . We first have the following characterization. Theorem 1: Effective capacity, which is formulated as
is an increasing concave function of the power level P k for a given B k .
Proof: See Appendix A. As illustrated in Fig. 2, for given B k and η k , the linearly increasing function η k (P c + 1 P) intersects the concave curve R k (B k , P) at two points or only one tangent point (not depicted in the figure) if there exist P k values that satisfy the inequality in (8) , and the two endpoints or the only one tangent point satisfy (8) with equality. In the case of a single tangent point, the corresponding power level at the tangent point is the only feasible and hence the optimal value which can be obtained by solving R k = η k (P c + 1 P k ). In the case of two endpoints satisfying (8) with equality, the larger P k value, denoted asP k in the figure, needs to be chosen since the quality/PSNR function Q k is an increasing function of P k (since Q k is an increasing function of R k , which in turn increases with increasing P k ). For any power level greater thanP k , we have R k < η k (P c + 1 P k ), and hence the EE constraint is not satisfied. Therefore, again the optimal power value can be obtained by solving
for P k and choosing the larger of the two solutions (or equivalently the larger of the two power values). Hence, for sumquality maximizing policies, EE constraint should be satisfied with equality. In Fig. 2 , two bandwidth values B k,2 > B k,1 are considered. It is clearly seen that the optimal power levelP k varies with the bandwidth B k . Next, we provide the following result. 2 In the EE formulation above in (7c), we have employed the effective capacity and hence EE constraint η k indicates the minimum number of arriving video bits that need to be supported under delay constraints per joule of transmission energy. Theorem 2: Effective capacity R k is an increasing and concave function of bandwidth B k for a given P k .
Proof: See Appendix B. As also seen in Fig. 2 , since R k is an increasing concave function of B k for a given P k , we readily conclude thatP k is an increasing function of B k . In another words, if
Thus, the optimization problem can be now be simplified as
whereP k (B k ) is the solution of (10). Hence, using the properties of the effective capacity R k with respect to bandwidth and power as established in Theorems 1 and 2, we have incorporated the EE constraint in (7c) into the objective function viaP k (B k ). The next results shows the concave nature ofP k (B k ) with respect to B k .
Theorem 3: Assume thatP k (B k ) is the solution of (10) for given B k . Then,P k (B k ) is an increasing concave function of B k .
Proof : See Appendix C.
is an increasing concave function of B k . Thus, the simplified optimization problem in (11) is a concave maximization problem subject to an affine constraint, and the optimal bandwidth allocation can be determined by using the Lagrangian optimization approach. In particular, the Lagrangian can be expressed as
According to the Karush-Kuhn-Tucker (KKT) conditions, the optimal bandwidth allocation must satisfy the following:
Following these characterizations, this problem can be easily solved using convex optimization methods.
B. BANDWIDTH ALLOCATION AND POWER CONTROL WITH PERFECT CSI
We now assume that the transmitter has perfect CSI and knows the channel gains {γ k }. In this case, the transmit power levels, which we denote as {P k (γ k )}, are adapted to channel gains. Now the sum-quality-maximizing optimal bandwidth allocation and power control problem can be expressed as
Note that bandwidth allocation does not depend on the instantaneous CSI, which means that bandwidth allocated to each user does not vary with the channel gains, which is a practical assumption as varying the bandwidth with the instantaneous channel conditions can be complicated. Note further that the transmission power level P k (γ k ) appears via the individual energy efficiency constraint in (15c).
Similarly as in the previous subsection, (15c) needs to be satisfied with equality since R k is an increasing concave function of E γ k {P k (γ k )} under the optimal power control policy. And, for a given B k , the largest possibleP k = E γ k {P k (γ k )} with which (15c) is satisfied with equality should be chosen.
For given average power valueP k , the optimal power control strategy for transmission to user k is the one that maximizes effective capacity R k (since individual power control for each user is limited by the individual energy efficiency constraint in (15c) for given k and hence power control schemes for different users are essentially decoupled). Therefore, we first solve the following maximization problem in order to identify the optimal power control policy P k (γ k ):
Note that the above problem is a convex optimization problem and is already addressed in the literature (see e.g., [20] ). The optimal power control can be immediately obtained as
where λ k is the Lagrangian multiplier whose value can be obtained by solving
there are at most two values for the Lagrange multiplier, e.g., λ k1 < λ k2 , satisfying (15c) with equality (similarly as in Fig. 2 where the linear curve intersects the curve R k at most at two different points with two different values for the slope of the R k curve). The smaller Lagrange multiplier λ k1 (corresponding to the smaller slope of effective capacity R k ) is the one that leads to the largest average power, i.e.,
Similarly as in the power allocation case,
is an increasing concave function of B k , and the optimization problem can rewritten as
Again, the above optimization problem is a concave maximization problem and can be solved via convex optimization tools.
C. OPTIMAL ALLOCATION ALGORITHM AND DIFFERENT POLICIES
We have thus far considered two optimization problems:
• Joint optimal bandwidth allocation and power allocation (JBAPA) with statistical CSI, determined by solving the optimization problem in (7).
• Joint optimal bandwidth allocation and power control (JBAPC) with perfect CSI, determined by solving the optimization problem in (15). An algorithm for determining both optimal JBAPA and JBAPC via solving (11) and (18), respectively, is shown in Algorithm 1 below.
Algorithm 1 The Optimal Bandwidth Allocation Algorithm Under the Total Bandwidth and EE Constraints
for k = 1:K do 4: Find out B k by solving µ =
end if 8: end for 9: 
For comparison, we also consider the following three simpler but suboptimal strategies: 
FIGURE 3.
Actual PSNR values vs. rate and fitted quality rate curves.
• Equal bandwidth (EB) B k = B K is allocated to each user, and the powerP k is obtained by solving (10) for given bandwidth.
• Separate bandwidth allocation and power control-1 (SBAPC-1) is the method that uses the same bandwidth allocation and constant average power given by JBAPA, but introduces power control. For the given B k andP k , the power control policy is determined by solving (16) and maximizing the effective capacity of user k.
• Separate bandwidth allocation and power control-2 (SBAPC-2) is a scheme that uses the same bandwidth allocation obtained by JBAPA. For this given B k , the power control policy is determined by again solving (16) . Different from the previous case of SBAPC-1, there is no predetermined average power level. The optimal average power level is dictated by the EE constraint and hence is obtained by solving (10) . Note that in SBAPC-1 and SBAPC-2 schemes, the bandwidth allocation and power control are being obtained separately in two steps instead of being determined jointly as in JBAPC.
V. NUMERICAL RESULTS
Five CIF video sequences namely Akiyo, Bus, Coastguard, Foreman and News are used for the numerical results [21] . Size of each frame is 352 × 288 pixels. 3 FFMPEG is used for encoding the video sequences and GOP is set as 10. Frame rate is set as 15 frames per second. Table 2 shows the 3 Note that if higher-resolution video sequences are considered, the values of the quality-rate model parameters a k and b k would be altered from the values listed in Table 2 . And, the analysis and simulations would be similarly carried out with the updated video quality parameter values. Note also that higher-resolution video sequences potentially require larger bandwidth and power levels to maintain the same PSNR value. parameters a k and b k that make the rate-distortion function of the five video sequences fit the quality rate model in (6) , where the unit of R k is kbit/s. Unless mentioned explicitly, we assume that the circuit power is P c = −10 dB, and the subchannel power gain for each user is exponentially distributed with mean 1. The power spectrum density of the AWGN is set to N 0 = 10 −6 W/Hz, and the channel coherence time is assumed to be 0.01 seconds. The quality rate (QR) on bandwidth is defined as the derivative of PSNR with respect to bandwidth. Fig. 3 shows the actual PSNR values as a function of the source bit rate for different video sequences, where we see that the increasing concave quality rate model fits the actual values very well. In the numerical results, we consider a scenario in which the base station serves two users. Fig. 4a displays the relationship between the allocated bandwidth and the delay QoS exponent, θ 2 , for the second user. We assume that the same video sequence, Bus, is transmitted to the two users, with delay QoS exponents θ 1 = 10 −4 and varying θ 2 , while keeping the other parameters the same. Total bandwidth B for the two users is 2 MHz, and the EE thresholds are η 1 = η 2 = 10 5 . In the range of bandwidth shown in Fig. 5 , QR is a decreasing convex function of the bandwidth, and the smaller θ value leads to higher QR for both cases of JBAPA and JBAPC. This lets us conclude that in order to obtain the same QR, more bandwidth is required for smaller θ values since vide quality (measured by PSNR) is an increasing concave function of the bandwidth. That is the reason why Fig. 4a shows that the bandwidth B 2 is less than B 1 for both cases of JBAPA and JBAPC when θ 2 is greater than θ 1 . Fig. Fig. 4a shows that the bandwidth B 2 is decreasing and B 1 is increasing when θ 2 is increasing for both cases of JBAPA and JBAPC since the larger the difference is between θ 2 and θ 1 , the larger the difference between B 1 and B 2 under fixed total bandwidth constraint. Fig. 4b plots the average transmit power levels for the cases of JBAPA, SBAPC-2 and JBAPC (note that SBAPC-1 and JBAPA use the same transmit power level). This figure demonstrates that transmission to user 1 consumes more power than that to user 2, and the power level for user 1 increases slightly as θ 2 increases. Hence, as seen in Figs. 4a and 4b, with increasing θ 2 , transmission to user 2 requires less bandwidth and consumes less power under the energy efficiency constraint. This allows the transmitter to employ larger bandwidth B 1 and larger power P 1 to transmission to user 1. Fig. 4b also shows that SBAPC-2 uses more power than JBAPA since these two cases have the same bandwidth allocation and SBAPC-2 employs power control strategy that leads to higher effective capacity and higher power level under EE constraints. This figure further demonstrates that SBAPC-2 results in higher transmit power for user 1 and smaller transmit power for user 2 compared to the corresponding power levels in the case of JBAPC. This is due to that fact that in the case of SBAPC-2, user 1 occupies more bandwidth and user 2 occupies less bandwidth than in the case of JBAPC, and both strategies employ power control. Fig. 4c demonstrates that increasing θ 2 leads to decreased average PSNR of the two video sequences. Since larger θ means more stringent of delay-QoS constraints, we have smaller effective capacity or equivalently smaller rates, which result in lower PSNR values for the received video sequences. The EB has the lowest average PSNR value since the bandwidth is allocated equally and there is no optimization. JBAPA has better performance since the bandwidth and constant power are optimally allocated under total bandwidth and EE constraints. SBAPC-1 is better than JBAPA since it utilizes the instantaneous CSI for improving the effective capacity under total power constraint for each user. And SBAPC-2 performs better than SBAPC-1 because not all users have total power constraint as in SBAPC-2. The JBAPC has the highest average PSNR value as it takes advantage of the availability of the instantaneous CSI and performs joint optimization.
In Fig. 6a , we display the allocated bandwidth as the EE coefficient of user 2, η 2 , is varied while η 1 = 10 5 . We again assume that the same video, Bus, is transmitted to the two users, but with different η values while keeping the other parameters the same. B is set to 2 MHz, and delay-QoS exponents are θ 1 = θ 2 = 10 −4 . Fig. 7a shows that QR is a decreasing convex function of bandwidth, and the higher η value leads to higher QR in the case of JBAPA if bandwidth is large enough. However, for the JBAPC case, Fig. 7b shows that the higher η value results in lower QR in the large bandwidth range. Thus, in order to achieve the same QR, the higher η value leads to lower bandwidth in the JBAPC case, and requires larger bandwith in JBAPA. Therefore, Fig. 6a shows that the bandwidth allocated to user 2, B 2 , is smaller than B 1 in JBAPC as η 2 grows and exceeds η 1 = 10 5 . On the other hand, in the case of JBAPA, we notice in Fig. 6a that B 2 is larger than B 1 when η 2 is greater than η 1 = 10 5 . The reason that the bandwidth allocated to user 2 decreases as η 2 increases in JBAPC is that the larger the difference is between η 2 and η 1 , the larger the difference between B 1 and B 2 under the fixed total bandwidth constraint in JBAPC. And, for JBAPA, Fig. 6a shows that the bandwidth allocated to user 2 increases and the difference of allocated bandwidths grows as η 2 increases in JBAPA because of the similar reason. Fig. 6b shows that transmission to user 1 consumes more VOLUME 6, 2018 power than that to user 2 since increasing η 2 shrinks the feasible power region for user 2. And SBAPC-2 results in higher power levels for both user 1 and user 2 than in JBAPA due to the same reason that SBAPC-2 has the same bandwidth allocation as in JBAPA but SBAPC-2 employs power control strategy, achieves a higher throughput, and can afford to use a larger average power level while satisfying the energy efficiency requirement. Fig. 6c shows that the average PSNR decreases when η 2 is increasing. The is because the higher EE requirement for user 2 leads to lower power consumption (as also seen in Fig. 6b ), which in turn leads to lower effective capacity and lower quality of the received video. Table 3 below lists the performances of five different strategies of bandwidth allocation and power allocation /power control when five different video sequences (i.e., Akiyo, Bus, Coastguard, Foreman, and News) are sent to five different users. Total bandwidth B = 5 MHz. Note that transmissions to different users have different energy efficiency and delay QoS requirements described by different values of η and θ, respectively. We notice that the performance is generally increasing in the order of EP, JBAPA, SBAPC-1, SBAPC-2, JBAPC.
VI. CONCLUSION
In this paper, we have addressed the maximization of the sum quality of received video sequences under total bandwidth and EE constraints and delay QoS requirements in a downlink wireless model. In particular, we have studied sumquality maximizing bandwidth allocation and power allocation/power control policies. Optimal strategies for determining the transmission power levels for each user are identified based on the allocated bandwidth and the given EE constraint. The quality of the received video is shown to be an increasing concave function of the bandwidth. With these characterizations, we have simplified the optimization problem as a bandwidth allocation problem and have shown it to be a convex optimization problem. The simulation results reveal that increasing the QoS exponent θ leads to a decrease in quality. Additionally, increasing the EE threshold η decreases the performance. Overall, we have considered five different strategies of bandwidth allocation and power allocation/power control, and we have demonstrated that the JBAPC has the best performance since it maximizes the PSNR by allocating bandwidth and performing power control jointly while taking advantage of the instantaneous CSI of each channel.
APPENDIX A PROOF OF THEOREM 1 (CONCAVITY OF
). Then, taking the first derivative of R k with respect to P k , we have
and the second derivative of R k with respect to P k is
By applying the Cauchy-Schwarz inequality, we have
Hence, (20) is less than 0. We can also immediately see that (19) is greater than 0. Therefore, R k is an increasing concave function of P k .
APPENDIX B PROOF OF THEOREM 2 (CONCAVITY OF R k WITH RESPECT TO B k )
Taking the first derivative of R k with respect to B k , we obtain
and the second derivative of R k with respect to B k is
By applying the Cauchy-Schwarz inequality, we can establish
Hence, (23) is less than 0. Since ln (1 + (22) is greater than 0. Therefore, R k is an increasing concave function of B k .
APPENDIX C PROOF OF THEOREM 3 (CONCAVITY OFP k WITH RESPECT TO B k )
In order to prove thatP(B k ) is an increasing concave function of B k , we need to show that
is nonpositive. It is mentioned before thatP(B k ) is an increasing function of B k . (10) can be rewritten as
By differentiating both sides of (25) with respect to B k , we have
Then, by taking the second derivative of both sides of (25) with respect to B k , we obtain (27) given on the next page.
Then, (27) can be rewritten as in (28) below by moving the last term to the left-hand side:
Hence, (28) is no greater than 0. With the fact that
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